Accurate CT synthesis, sometimes called electron density estimation, from MRI is crucial for successful MRI-based radiotherapy planning and dose computation. Existing CT synthesis methods are able to synthesize normal tissues but are unable to accurately synthesize abnormal tissues (i.e., tumor), thus providing a suboptimal solution. We propose a multiatlas-based hybrid synthesis approach that combines multi-atlas registration and patch-based synthesis to accurately synthesize both normal and abnormal tissues. Multi-parametric atlas MR images are registered to the target MR images by multi-channel deformable registration, from which the atlas CT images are deformed and fused by locally-weighted averaging using a structural similarity measure (SSIM). Synthetic MR images are also computed from the registered atlas MRIs by using the same weights used for the CT synthesis; these are compared to the target patient MRIs allowing for the assessment of the CT synthesis fidelity. Poor synthesis regions are automatically detected based on the fidelity measure and refined by a patch-based synthesis. The proposed approach was tested on brain cancer patient data, and showed a noticeable improvement for the tumor region.
INTRODUCTION
Magnetic resonance imaging (MRI) has been actively used in radiotherapy planning. Its superior soft tissue contrast offers improved visualization of tumor and organs at risk (OAR), and multi-parametric MRI facilitates the differentiation between normal and pathological tissues [1] . MRI can significantly improve the segmentation accuracy compared to CTbased approaches that suffer from large intra-and inter-observer variability due to the poor soft tissue contrast and image artifacts [2] . MRI is therefore considered the imaging modality of choice for detecting and staging tumors as well as for delineating structures in various sites such as the brain, head and neck (HN), and prostate [3] . These advantages have motivated efforts to develop MRI-based radiotherapy planning. However, MRI does not contain electron density information, and is therefore not intrinsically useable for radiation dose computation [4] . As a consequence, many clinics use MRI primarily for target detection and delineation in support of CT for radiotherapy treatment planning.
In recent years, there has been increasing efforts to carry out radiotherapy treatment planning and image guidance using MRI alone. By eliminating the CT scan, unnecessary x-ray dose to the patient is avoided and the MR-CT image fusion process is no longer needed. Consequently, the overall workflow is simplified and more cost-effective with improved target localization leading to potentially improved tumor control rates with reduced normal tissue toxicity. A major obstacle to achieving this goal is the lack of robust methods to accurately map MR image intensity to electron density which is necessary for dose computation. Currently, there are only a handful of MRI-based CT image synthesis methods, including tissue classification-based electron density assignment [5] , single or multi-atlas registration approaches [6] , and patch-based matching and machine learning approaches [7, 8] . These approaches have been applied mostly in the brain showing potential to synthesize normal tissue regions, but none of them are able to synthesize abnormal tissue regions such as tumors that are always present in radiotherapy cases.
In this research, we propose to use a multi-atlas and multi-channel registration approach for CT synthesis to improve the synthesis accuracy while reducing the effect of registration errors. We also combine a patch-based image synthesis algorithm [9] to refine the synthetic CT image quality on regions where the atlas-based approach does not perform well due to significant geometrical differences, e.g., tumor regions. Figure 1 shows the overall workflow of our combined multi-atlas registration and patch-based refinement (i.e., hybrid) CT synthesis algorithm. The CT synthesis process consists of four key steps; (1) Multi-atlas registration, (2) initial CT synthesis by atlas intensity fusion, (3) iterative CT synthesis refinement, and (4) patch-based CT synthesis refinement. We now describe the details of each step.
METHODS

Atlas database
The atlas consists of co-registered MR and CT images. Our method is not limited to a specific MR pulse sequence, but uses multi-parametric MR images such as standard T1 and T2-weighted MRIs as long as they are consistent with the target image data. In this study, T1 and T2 FLAIR (Fluid Attenuated Inversion Recovery) MR images were obtained using Siemens Magnetom Espree 1.5T scanner (Siemens Medical Solutions, Malvern, PA) and CT images were obtained using Philips Brilliance Big Bore scanner (Philips Medical Systems, Netherlands) under the routine clinical protocol from brain cancer patients treated by stereotactic-body radiation therapy (SBRT) or radiosurgery (SRS). The MR images were corrected for geometric distortions using a 3D correction algorithm available in Siemens console workstation (Syngo). The obtained MR images were registered to CT images (reference image for radiotherapy planning) in a semiautomatic way. For the patch-based refinement step, we separately created a tumor and soft tissue atlases that consist of 3×3×3 patch triplets extracted from T1, T2 FLAIR, and CT images. For consistent patch matching, atlas images were first resampled on a 0.7×0.7×1 mm 3 grid before the patch extraction. 
Multi-atlas registration
When MR images of a subject are obtained, the first step is to register the atlas and the subject MR images. It is then straightforward to map the atlas CT images to the subject image space by the computed deformations. We use a multichannel registration to maximally utilize multi-parametric MR image information, thus improving the registration accuracy. Since our data set uses T1 and T2 FLAIR MR images ( Figure 1 , Row 1), we performed two-channel b-spline deformable registration with mutual information as the similarity metric [10] . In our data set, T1-weighted MRI has higher resolution and better image quality than the T2 FLAIR, and we empirically determined the relative weight for each channel as 0.7 (T1) and 0.3 (T2 FLAIR). Once the atlas T1 and T2 FLAIR images are registered to the target T1 and T2 FLAIR images, the atlas CT images are deformed to the subject image space using the computed deformation vector fields.
Atlas intensity fusion
To synthesize CT images from multiple registered atlas CT images, unlike Burgos et al. [6] who rank atlas patches based on local normalized cross-correlation (LNCC) and apply pre-determined weights to the selected number of top candidate intensities, we use a structural similarity measure (SSIM) [11] to measure the local similarity of two images. SSIM consists of three components, luminance l(x,y), contrast c(x,y), and structural s(x,y) similarity terms, and provides the following overall structural similarity score between two images x and y (1) where α>0, β>0, γ>0, and , , . In these equations, μ x , μ y , σ x , σ y are the mean and standard deviation of x and y, respectively, and we set α, β, γ, C 1 , C 2 , C 3 values as recommended in [11] . SSIM is less sensitive to mean intensity shift and contrast stretching while being sensitive to structural differences, thus more robust to intensity inhomogeneities and inconsistencies which are commonly present in MR images. Since we have both T1 and T2 FLAIR images, the overall local similarity is computed by SSIM(T1 atlas ,T1 subject )+SSIM(T2 atlas ,T2 subject ) based on patches centered on each voxel location. The measured local similarity is used to determine the relative weights, and the target CT image is synthesized by locally-weighted averaging. In this way, we do not select an arbitrary number of top candidate atlases (among all registered atlases) nor apply pre-determined weights for fusion. Instead, the weights are determined based on the actual similarity between the atlas and the target. Note that this weighted average is performed voxel-by-voxel with different relative weights (i.e., spatially-varying). This approach is superior to a single-atlas-based approach as each voxel is synthesized using the atlases that show the best local agreement to the subject, thus reducing the effect of registration errors.
Iterative CT synthesis refinement
Although the initial synthesis step synthesizes missing CT images with reasonable quality, bone and soft tissue boundaries may not be accurate as T1 and T2 FLAIR images do not carry sufficient information about bone. To further refine the bone-soft tissue boundary synthesis, we iteratively refine the CT synthesis by another multi-channel deformable registration in the same way as Burgos et al. [12] . The initial synthetic CT is included, and three-channel deformable registration with T1, T2 FLAIR, and CT is performed between the initially registered atlas and the subject. At this step, no affine registration is necessary, and the registration can be done faster than the initial atlas registration step. Once atlas registration is refined, the target images are synthesized in the same way as the initial synthesis ( Figure  1, Row 2) . Although multiple iterations might continue to improve the synthesis quality, a single iteration produced reasonable refinement for the bone-soft tissue boundaries.
CT synthesis fidelity
Previous studies have shown that multi-atlas registration-based approaches can produce good synthetic images [6] . However, these approaches cannot accurately synthesize regions where there are significant anatomical differences between the atlas and the subject, e.g., tumor regions. Even though our goal is to synthesize missing CT image intensities, we can synthesize T1 and T2 FLAIR images of the target as a by-product using the same weights used in CT synthesis. These syntheses are beneficial as they can be directly compared to the given T1 and T2 FLAIR images of the target subject to assess the registration-based synthesis fidelity ( Figure 1, Row 2) . The underlying idea is that the CT synthesis on a region where the similarity between the target T1/T2 FLAIR and the synthetic T1/T2 FLAIR images is low is likely to be inaccurate. Therefore, erroneously synthesized regions can be detected. We use sum of squared difference between the target T1/T2 FLAIR pair and the synthetic T1/T2 FLAIR pair to detect the erroneously synthesized regions.
Patch-based synthesis refinement
For the detected low fidelity synthesis regions, we refine the synthesis by using a patch-based synthesis approach (Figure 1, Row 3) [9] . We extract 3×3×3 cubic patches p 1 (x) and p 2 (x) centered at location x from T1 and T2 FLAIR images, respectively, and search K nearest neighbor patches of the stacked patch
T among the atlas patch dictionary using the squared L 2 -norm distance defined as . Then, the target synthetic CT value at location x will be computed by a similarity-weighted average as (3) and d k is the squared L 2 -norm distance of the k th patch. In our study, we use K = 5. Patch-based synthesis is a time-consuming process as a large number of patches in the atlas dictionary have to be compared unless a patch-based intensity mapping is learned. Unlike other approaches that synthesize entire images by patch matching, our method synthesizes only small regions where registration-based synthesis fails. Therefore, our refinement process does not require significant computation time.
RESULTS
We applied our hybrid CT synthesis method on brain cancer patient data. Each patient data has a radiotherapy planning CT and T1-weighted and T2 FLAIR MRIs; these data are consistent with our atlas data. T1 and T2 FLAIR scans were taken at the same patient position as the CT scan, and rigidly registered to the CT. Finally, images were resampled to have a 0.7×0.7×1 mm 3 resolution to be consistent with our atlas patch dictionary. A total of 20 atlas data sets were used, and a combined tumor (10,000 patch triplets) and soft tissue (100,000 patch triplets) patch dictionary was created from two atlas data sets. Atlas T1 and T2 FLAIR images were registered to the target patient's T1 and T2 FLAIR images ( Figure 1, Row 1) by two-channel b-spline deformable registration with mutual information as the similarity metric, and the atlas CT images were deformed and fused to reconstruct the synthetic CT images of the patient (Figure 1 , Row 2). To assess the CT synthesis fidelity, we also synthesized the patient's T1 and T2 FLAIR images ( Figure 1 , Row 2) using the same local weights used in CT synthesis. As shown in the example case in Figure 1 , the initial multi-atlas registration-based synthesis produces synthetic images with reasonable quality for normal tissues. However, the tumor region cannot be accurately synthesized as the atlases do not carry sufficient information about the tumor, thus producing normal-looking tissue. This inaccuracy was automatically detected by the synthesis fidelity assessment step ( Figure 1 , Row 2) in which synthetic T1 and T2 FLAIR images are directly compared to the given T1 and T2 FLAIR images of the patient. We then refined the CT synthesis for the soft tissue regions with low synthesis fidelity (extracted regions with synthetic CT intensity between −100 and 300 HU, and T1/T2 FLAIR difference larger than 200) using the patch-based synthesis. In this example case, only 5% of the volume was refined by the patch-based synthesis. As shown in Figure 1 , Row 3, the patch-based refinement significantly improved the synthesis in the tumor region where registration-based synthesis failed. In addition, refined synthetic T1 and T2 FLAIR images are given as a by-product of CT synthesis refinement, and can be used to assess the quality of the patch-based refinement process. As shown in Figure 1 , Row 3, the patch-based refinement improved the synthesis of the T1 and T2 FLAIR, implying that the refinement was correct.
We processed a total of 4 cases, which includes the above example case. As shown in Figure 2 , the proposed hybrid synthesis method was able to reliably synthesize both normal tissues and tumor regions. Table 1 summarizes absolute CT number (HU) differences between multi-atlas registration synthesis and hybrid synthesis compared to the ground truth CT. We compared the entire CT field of view (Overall) as well as tumor regions only (Tumor). The HU difference in the entire field of view was larger than the tumor regions because there were still mismatches on the boundaries of the bone and soft tissue or air. Due to the large CT number of the bone, slight boundary or intensity (within the bone) mismatches caused large HU differences. For tumor regions, there was noticeable synthesis improvement when there was relatively larger HU difference on tumor regions, i.e., cases 1 and 2. However, when the multi-atlas registration synthesis intensity was already close to that of the true CT, i.e., cases 3 and 4, the synthesis quality improvement was relatively minor.
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CONCLUSIONS
We have proposed a hybrid MR to CT synthesis method that combines multi-atlas registration-based synthesis and a patch-based refinement. The key benefit of the proposed method is its capability of accurately synthesizing both normal tissues as well as abnormal regions. Especially, the initial multi-atlas registration-based CT synthesis can be naturally extended to multi-atlas autosegmentation of normal tissues with minimal additional computation, i.e., label fusion, which will significantly reduce the physician's contouring burden in radiotherapy planning. The synthesis fidelity assessment step based on the synthesis of the given modalities (T1 and T2 FLAIR in this study) allows us to automatically detect erroneous synthesis regions for which the patch-based refinement can further improve the synthesis efficiently without involving a large number of regions. We showed promising synthesis results on brain cases here, and additional tests on larger data sets are under way. Although we focused on CT synthesis in this paper, our method can be applied to any modality synthesis with improved synthesis quality for which conventional registration-based and patch-based methods may fail.
